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Introduction 44
Most commonly accepted evolutionary theories of ageing posit that survival should decline 46 with increasing age in any age-structured population (Hamilton 1966) , a demographic processcoined as actuarial senescence. Medawar's (1952) mutation accumulation theory first stated that 48 organisms age because the strength of natural selection weakens with age after first reproduction 49 and therefore there is no purging of deleterious mutations that are only expressed late in life. In 50 addition, actuarial senescence can emerge as a by-product of natural selection through antagonistic 51 pleiotropy (Williams 1957 ). An allele may confer a benefit to the bearer early in life but may also 52 be responsible for an impaired survival later in life. Finally, the disposable soma theory of aging 53
postulates that actuarial senescence can result from a trade-off between allocation to reproduction 54 in early life and somatic maintenance (Kirkwood 1977 , Kirkwood & Austad 2000 . In other words, 55
individuals that preferentially allocate resources to growth and/or reproduction (e.g., gamete 56 production and parental care) will have much less resources for somatic maintenance (e.g., enzyme-57 based repair mechanisms), which will ultimately lead to a decline in performance of fitness-related 58 traits (e.g., survival) at advanced ages. So far, most studies focused on aging in the wild have been 59 embedded within the two theoretical frameworks offered by both antagonistic pleiotropy and 60 disposable soma theories of aging as these two theories share the similar prediction of a trade-off 61 between reproductive effort and senescence (Gaillard & Lemaître 2017) . 62
Although a few case studies on free-ranging populations failed to detect any increase in 63 mortality rate with age (Jones et al. 2014) , most recent syntheses revealed two major facts. First, 64 actuarial senescence is a nearly ubiquitous process in the living world (Nussey et al. 2013 , 65 Shefferson et al. 2017 . Second, patterns of senescence can be highly variable among species (Jones 66 et al. 2014 , Tidière et al. 2016 , Colchero et al. 2019 . Comparative analyses have shown that 67 senescence patterns across multi-cellular organisms can be predicted by ecological traits, lifestyles 68 and covariation among life-history traits (Péron et al. 2010 , Ricklefs 2010 , Gaillard et al. 2016 , 69
Salguero-Gómez & Jones 2017). In particular, both age at the onset of senescence and rates of 70 senescence appear to be linked to the position of a species along the fast-slow life-history 71 continuum. Organisms that occupy the fast end of the continuum -short generation time, high 72 annual fecundity, and low mean survival rates (Stearns 1983 ) -tend to experience earlier and faster 73 senescence than organisms at the slow end of the continuum (Jones et al. 2008a , Salguero-Gómez 74 & Jones 2017 . Since life history variation does not only occur among, but also within species 75 (Berven & Gill 1983 , Cayuela et al. 2017 , intraspecific variation in senescence patterns is expected 76 and can be selected for (Stearns 2000 , Brommer et al. 2007 , Holand et al. 2017 . 77 senescence and the speed and the shape of the relationship between mortality rate and age) differed 112 in populations with slow and fast life histories. We focused our analyses on post-metamorphic 113 survival as we did not expect senescence during larval development and assumed that senescence 114 can begin once structural development is completed (i.e., metamorphosis). We expected that the 115 pattern of intraspecific variation in senescence among populations would be similar to pattern in 116 variation among species. Therefore, we tested the prediction that a fast pace-of-life should be 117 associated with an earlier, faster senescence among populations of B. variegata. 118
119

Material and methods 120 121
Study system 122
Bombina variegata populations occur in different types of habitats where the spatiotemporal pattern 124 of breeding resource availability differs widely. In river environments, the patches of rock pools 125 used by toads to reproduce are constantly available in space and time, making breeding resources 126 highly predictable at the scale of the lifetime of an individual. By contrast, rut patches resulting 127 from logging operations appear and disappear stochastically in forests, making breeding resource 128 availability unpredictable. The annual probability of patch appearance varies from 0.20 to 0.50 129 while the rate disappearance ranges from 0.05 to 0.20, depending on the year and the population 130 (Cayuela et al. 2016a) . 131
Here, we used mark-recapture data (Appendix 1) from two populations with fast life history 132 strategies (SLOW1 and SLOW2) and two populations with slow life history strategies (FAST1 and 133 FAST2) in France (Appendix 1, Fig. 1) . In each population, individuals were surveyed during the 134 breeding season, from 5 -9 years using capture-recapture methodology (Cayuela et al. 2016a (Cayuela et al. , 135 2016c . The number of identified individuals was 1154 at SLOW1, 768 at SLOW2, 580 at FAST1 136 and 9418 at FAST2. The number of captures was 2907 at SLOW1, 1980 at SLOW2, 949 at FAST1 137 and 12780 at FAST2. In this species, individuals cannot be surveyed before an age of one because 138 the ventral color pattern used to identify individuals is not fixed before that age (Cayuela et al. 139 2016a (Cayuela et al. 139 , 2016c . Moreover, age can be determined only during the 2 years following metamorphosis 140 (Cayuela et al. 2016b) . Sex cannot be assessed with certainty before sexual maturity (2-3 years old) 141 due to the lack of nuptial pads in immature males. For this reason, sex was not considered in our 142
analyses. Yet, we expect that excluding the sex from our analyses should not alter our conclusions 143 since previous studies in these populations did not detect sex-specific effect on survival (Cayuela 144 et al. 2016a (Cayuela 144 et al. , 2016c . Details about the number of survey years, individual age and sampling effort 145 are provided in Appendix 1 (Table 1) . A more complete description about the capture-recapture 146 survey, the individual recognition method and population description can be found in Cayuela et 147 al. (2016a Cayuela et 147 al. ( , 2016c . The data provided in the figure are extracted from Cayuela et al. (2016a Cayuela et al. ( , 2016b . 154
155
Capture-Recapture modeling 156 157
We investigated actuarial senescence patterns using Bayesian survival trajectory analyses 158 implemented in the R package BaSTA (Colchero et al. 2012a (Colchero et al. , 2012b . BaSTA allowed us to 159 account for imperfect detection, left-truncated (i.e., unknown birth date) and right-censored (i.e., 160 unknown death date) capture-recapture data in our analysis. Our analyses focus on the post-161 metamorphic stage at which senescence is expected to occur (as in Colchero et al. 2019) . It allows 162 estimation of two parameters: age-dependent survival and the proportion of individuals dying at a 163 given age (i.e. age-dependent mortality rate). Given the results of previous analyses (Cayuela et al. 164 2016a, 2016b), we allowed recapture probabilities to vary among years. As the study period and 165 number of survey years differ among populations (Appendix 1), the four populations were analyzed 166 separately. We used DIC to select models that fitted the data best (Colchero et al. 2019 ) and we 167 compared the outputs of the best-supported model of the four populations by inspecting mean 168 estimates and 95% CI (Anderson et al. 2001 , Amrhein et al. 2019 ). This allowed us to investigate 169 population-specific variation in the shape of the age-specific mortality patterns. We considered the 170 four mortality functions implemented in BaSTA: exponential, Gompertz, Weibull and logistic. For 171 the three last functions, we considered three potential shapes: simple that only uses the basic 172 functions described above; Makeham (Pletcher 1999) ; and bathtub (Silver 1979). As individuals 173 cannot be individually recognized before one year old in B. variegata, we conditioned the analyses 174 at a minimum age of one. Four MCMC chains were run with 50000 iterations and a burn-in of 175 5000. Chains were thinned by a factor of 50. Model convergence was evaluated using the diagnostic 176 analyses implemented in BaSTA, which calculate the potential scale reduction for each parameter 177 to assess convergence. For all populations, we used DIC to compare the predictive power of each 178 mortality function and its refinements (Spiegelhalter et al. 2002 , Colchero et al. 2013 , 2019 . 179
Simulations by Colchero & Clark (2012) showed that BaSTA models are highly efficient even 180 when dates of birth and death are unknown and the study is short (i.e. the study length is less than 181 the mean life expectancy). They also showed that estimates are more accurate when recapture rate 182 is high. Therefore, we are confident that our inference is robust as recapture rates are relatively 183 high (between 0.54 in FAST1 to 0.84 in SLOW2), birth time uncertainty is moderate (between 52% 184 and 57% of known-age individuals in our sampled populations). 185
Results
188
Our analyses revealed contrasting patterns of age-specific survival and mortality rate between 189 individuals from populations with slow and fast life histories. The shape of the relationship between 190 mortality rate and age differed broadly between the two life history strategies. Based on DIC 191 comparisons (Appendix 1, Table 2), the relationship was best described by a Gompertz function 192 with a bathtub shape in the "slow" populations ( Fig. 2A and 2B ) while a logistic function with a 193 bathtub shape provided the best fit in both "fast" populations ( Fig. 2C and 2D) . In "slow" 194 populations, mortality rate slowly increased with age until 8-10 years after which it increased 195 quickly (for model parameter estimates, see Appendix 1, Age-dependent survival patterns were relatively similar between the populations with the 208 same life history strategies but differed markedly between strategies (Fig. 3) . In "slow" populations 209 (Fig. 3A and 3B ), the cumulative probability of surviving until a given age decreased slowly over 210 a toad's lifetime: it was 0.78 until age three, 0.43 until age six, 0.17 until age nine, and finally 0.00 211 until age 12 (Appendix 1, Table 2-3). In "fast" populations ( Fig. 3C and 3D ), cumulative survival 212 probability decreased rapidly after two years: it was 0.58 until age three, 0.07 until age six, and 213 0.00 until age nine (Appendix 1, Table 4-5). 214 history comparisons]). The results presented here confirmed our prediction that the position on the 253 fast-slow life history continuum affects actuarial senescence at the intraspecific level. Individuals 254 from "fast" populations had an earlier onset of senescence (although our analysis did not allow a 255 precise quantification of this onset) and aged at a faster rate than individuals from "slow" 256 populations. In our study system, the factors (habitat type and latitude) causing the variation of life 257 history strategies are potentially confounded: "fast" forest-dwelling populations were studied in 258 northern France and "slow" river-dwelling populations in southern France. However, we assume 259 that this confounding does not matter for the results that we present here -it could be problematic 260 if one is interested in the processes that cause the life history differences, which was not the goal 261 of our study. We also note that Cayuela et al. (2019) Our study and previous work suggest similarities in the macroevolutionary and microevolutionary 290 processes shaping the evolution of ageing. We illustrate that the relationships between senescence 291 patterns and the fast-slow life history continuum at the interspecific level can also be found at the 292 intraspecific level. Our results suggest that the constraints imposed by trade-offs between fitness 293 components appear to produce similar effects on ageing patterns at different levels of biological 294 organization (i.e. intra-and interspecific levels). These results provide an important view of 295 senescence in an ectothermic organism and contribute significantly to the broader study of 296 senescence. First, intraspecific variation in senescence suggests that phylogeny should not strongly 297 constrain the evolution of senescence as it has been conjectured (Shefferson et al. 2017) . If 298 evolution can lead to intraspecific variation in senescence , Shefferson et al. 299 2017 , then phylogenetic constraints would be a weak explanation for senescence patterns across 300 the tree of life (Antonovics & van Tienderen 1991) . Second, if there is intraspecific variation in 301 senescence, this variation could explain the weakness of the phylogenetic signals in actuarial 302 senescence patterns in several taxa (Salguero-Gómez & Jones 2017) . It may well be that 303 phylogenetic signals could become more apparent once intraspecific variation is taken into account. 304
Such a combination of microevolutionary and macroevolutionary patterns of senescence would 305 lead to a deeper understanding of the evolutionary biology of aging. 306
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